Abstract. This paper measures the technical efficiency of 54 public road transport operators and investigates the degree to which various factors influence efficiency levels in these firms. The study makes an attempt to provide an overview of the general status of different operators in 18 countries. Stochastic Frontier Analysis (SFA) methods are applied to our sample over a twelve year period from 2000 to 2011. To our knowledge, this is the first comprehensive analysis of technical efficiency of public road transport operators in 18 countries using parametric method. Our empirical results indicate that investment, operating profit and firm size have a significant influence on technical efficiency levels. We find that technical efficiency level of public road transport operators varies between 0.458 and 0.95. We also observe that large-size operators with more investment capacity tend to be more technically efficient than small-size operators. Finally, we find that operators from developed countries are technically more efficient than those of developing countries.
Introduction
In recent years, the economic growth of developing countries has led to an expansion of urban cities (Saxena, P., Saxena, R. R. 2010) . Public road transport is effectively an important participant in citizens' mobility and is a fundamental component in the quality of life available to citizens (García Sánchez 2009). The transport sector plays a significant role in the overall development of a nation's economy. Road transport is the primary mode of transport, linking remote areas with the rest of the country (Agarwal et al. 2010) . In the absence of a transport system, dependency on personalised modes of transport increases leading to waste of energy (Saxena, P., Saxena, R. R. 2010) . Generally, public road transport operators of passenger vehicles offer a public service with a social aim. In most cases, they are controlled by the government. Efficiency evaluation in public transportation is therefore an issue of foremost importance.
Efficiency has long been a critical consideration in both policy and operational decisions of public transport operators, and public transport efficiency has recently become even more vital (Barnum et al. 2011) . Passenger road transportation is a 'service business' and evaluating the efficiency of a service business is a complex matter. Transport efficiency is often more difficult to evaluate than manufacturing business efficiency, because it is difficult to determine the correct amount of resources required to produce various service outputs. The manufacturing standard can be used to identify operating inefficiencies through classical cost accounting variance analyses. However, in service organisations like the road passenger transportation system, it is difficult to identify the specific resources required to provide a specific service output (Agarwal et al. 2010) .
Several approaches have been adapted to measure transport operators' efficiency. Parametric and nonparametric frontiers are the two main approaches used to measure technical efficiency (Jarboui et al. 2012) . The parametric frontier approach (Aigner, Chu 1968; Aigner et al. 1977; Meeusen, Van den Broeck 1977 ) establishes a functional form for the cost, profit, or production relationship among inputs, outputs, and environmental factors, and allows for random error. Both inefficiencies and random errors are assumed to be orthogonal to the input, output, or environmental variables determined in the estimating equation (Boame 2004) . The non-para-metric approach, the Data Envelopment Analysis (DEA) method, was developed by Farrell (1957) , Charnes et al. (1978) and Färe et al. (1985) . The DEA frontier is formed as the piecewise linear combinations that connect the set of best practice observations, yielding a convex production possibilities set. DEA does not require explicit specification of the form of the underlying production relationship. The non-parametric approaches, however, do not allow for random error. If random error exists, measured efficiency may be confounded with these random deviations from the true efficiency frontier. As well, statistical inference and hypothesis tests cannot be conducted for the estimated efficiency scores (Boame 2004) .
In empirical analysis of efficiency, debate still exists between the use of the parametric and nonparametric approach. There is a wide range of literature comparing the two approaches. Thus, Lovell (1993) offers a detailed presentation. Ferrier and Lovell (1990) , for example, assessed the strengths and weaknesses of both approaches through an empirical analysis of cost efficiency in banking. Bjurek et al. (1990) have compared the two approaches as part of service production. Cullinane et al. (2006) have provided a technical efficiency analysis of container ports by comparing the parametric Stochastic Frontier Analysis (SFA) and DEA as a non-parametric approach, and highlighting the strengths and weaknesses of each approach.
According to the literature, the public transport efficiency works are always related to a specific study context, for example, Agarwal et al. (2010) and Kumar (2011) propose an Indian application, Yu and Fan (2009) use Taiwan data, and Von Hirschhausen and Cullmann (2010) study German data. Moreover, the efficiency operators' evaluations in different countries are difficult to follow. There is missing data of indicators and variables to measure different countries efficiency. So, the lack of comparative work of operators' efficiency in different countries has become an initiative for this research, but for this study, we select financial variables relating to operating activities operators' .
The aim of this paper is to assess the efficiency of 54 public transport operators in different countries between 2000 and 2011, using the SFA of the production function model specified by Battese and Coelli (1995) for panel data. Again, this study will identify the determinants of inefficiency in public transport operators of passenger services. In the literature, most research has shown that the market organisation, contract conception, regulatory system degree and nature, and network characteristics are the inefficiency determinants (De Borger et al. 2002) . In this study, in addition to these determinants, we also consider investment, operating profit and firm size as explanatory variables of public transport inefficiency. This paper is organised as follows. The next section presents public transport operators efficiency with some relevant literature on the public transport efficiency evaluation. Section 2 presents the stochastic frontier analysis models and the functional form used for measuring efficiency. Technical inefficiency modelling is discussed in Section 3. Inputs and outputs used are defined in Section 4. Data used in this study are discussed in Section 5. Empirical results are presented in Section 6, and conclusions are drawn in the final section.
Public Transport Operators Efficiency
In economics, the term efficiency refers to the comparison between the observed values of outputs and inputs with the optimal values of the outputs and inputs used in a production process (Karlaftis, Tsamboulas 2012) . Economic efficiency requires that producers of a good or of a service make the best use of the resources available to them. To properly define the concept of economic efficiency, it is necessary to distinguish between technical efficiency and allocative efficiency. Technical efficiency reflects the extent to which transport operators achieve maximum output with provided inputs. Allocative efficiency reflects the minimum level of inputs used to produce a certain level of output.
The literature on assessing efficiency or, more generally, public transport efficiency is extensive. Analyses have focused both on developing methods for assessing public transport efficiency and on using efficiency findings to make different policy recommendations (Karlaftis, Tsamboulas 2012) . Such efficiency assessment studies have been very popular in public transport literature in large part because of the interest in reforming public transport operations and assessing the effects of these changes on efficiency. On this subject, Jarboui et al. (2012) offer an interesting overview. Agarwal et al. (2010) measure the technical efficiency of 35 Indian transport operators through the DEA method. They obtain an average efficiency score equal to 83.26% and it is interesting that these operators will reduce their used quantity of inputs. Barnum et al. (2011) identify the individual technical efficiencies of each type of transit employed in an urban area. The objectives are to identify allocation and technical efficiency in the DEA aggregated score, to estimate the effect of changes in each type of transit' efficiency on overall public transportation efficiency and to offer a method for reallocating resources in order to improve efficiency. Kumar (2011) assesses the technical efficiency, pure technical efficiency and scale efficiency of 31 Indian public transport operators between 2006 and 2007. The results suggest that, by adopting best practices, transport operators can reduce their inputs by less than 22.8%. The observed operators studied lose about a quarter of their resources in production operations. Kumar (2011) affirms that managerial inefficiency is the dominant source of technical inefficiency.
In studying 23 public transport companies in Taiwan, Yu and Fan (2009) showed that a unified DEA framework is constructed for gauging Production Efficiency (PE), Service Effectiveness (SEV) and Operational Effectiveness (OEV) simultaneously and dependently. The proposed model also deals with the situation where shared inputs are needed to allocate the activities and/or processes in the operation of a transit firm. Despite significant research in transport operators' efficiency, evaluation of inefficiency determinants is generally ignored. The majority of studies focus on the choice of empirical evaluation method and on measuring the technical efficiency of transport operators. The results of these studies showed that technical inefficiency relates to exogenous factors, and market organisation, regulatory system degree and nature and network characteristics are important inefficiency determinants (De Borger et al. 2002) .
Most research that has studied the determinants of inefficiency has shown that inefficiency is always associated to exogenous factors outside the firm's control. These results are more interesting for policy-makers than transport operators. The purpose of public transport efficiency studies is to provide an explanation and results to improve public transport operators' efficiency; therefore, it is interesting to find inefficiency determinants which are directly related to transport operators. In his framework, Cowie (2002) affirms that improving transport operators' efficiency may be based on a number of sources such as improving work practices, better operations management and increased investment. It is worthwhile searching the most robust empirical methods to measure efficiency levels, but it is more interesting to find the determinants and sources of inefficiency which help us enhance efficiency.
Methodology
We adopt a parametric approach using the SFA model of production function for the panel data developed by Coelli (1993, 1995) . As an alternative approach to the DEA, the great advantage of SFA is that it can measure not only technical inefficiency, but also recognises the fact that random shocks, beyond the control of producers, can affect production. For this reason, the essential concept of SFA is that the error term is composed of two parts: one unilateral component that captures the effects of the relative inefficiency of the stochastic frontier, and a symmetric component that allows a random variation of the frontier between companies and includes the effects of measurement error, other statistical noise, and random error. Thus, the main attraction of the stochastic frontier approach, in contrast to deterministic approaches such as the DEA, is that it isolates the influence of factors to inefficient behaviour, thus correcting possible upward bias of the inefficiency of deterministic methods. In addition, it allows us to study the determinants of inefficiency.
Stochastic Frontier Analysis (SFA)
The first objective of this study is to provide measures of technical efficiency of transport operators. We use the parametric approach using the stochastic frontier production function for panel data proposed by Coelli (1993, 1995) . The starting point of this parametric approach is to estimate a stochastic production frontier.
According to Coelli (1993, 1995) , this frontier can be written as follows:
where: Y it is the output of the i-th transport operator (i = 1, 2, … , N) in the t-th period (t = 1, 2, …, T) -although it is assumed that there are T time periods for which observations are available for at least one of the N firms involved, it is not necessary that all the firms are observed for all T periods in this model specification; x it is a (1*k) vector of input quantities of the i-th transport operator in t-th period; β is a (k*1) vector of unknown parameters to be estimated; V it is a random variable which is assumed to be independent and identically distributed (i.i.d.) N (0, 2 V σ ) and independent of U it ; the U it is non-negative random variable, associated with technical inefficiency of production, which is assumed to be independently distributed as truncations at zero of the N (μ, 2 U σ ) distribution; where it z µ = δ and variance 2 U σ ; and z it is a (1*p) vector of explanatory variables associated with technical inefficiency of public transport production industry over time; where δ is a (p*1) vector of unknown parameters.
Equation (1) specifies the stochastic frontier production function in terms of the original production values. However, the technical inefficiency effects, U it , is assumed to be a function of a set of explanatory variables, z it , and an unknown vector of coefficients, δ.
According to Coelli (1993, 1995) , the technical inefficiency effect, U it , in the stochastic frontier model (1) is specified by equation (2):
where: δ is a (p*1) vector of unknown parameters to be estimated; the random variable W it follows truncated normal distribution with mean zero and variance σ 2 , such that the point of truncation is it z − δ that is, it it W z > − δ . These assumptions are consistent with U it being a non-negative truncation of the ( ) (Battese, Coelli 1993 , 1995 . The mean it z δ of the normal distribution, which is truncated at zero to obtain the distribution of U it , is not required to be positive for each observation (Reifschneider, Stevenson 1991) .
The likelihood function and its partial derivatives with respect to the parameters of the model are presented in Battese and Coelli (1993) . The method of maximum likelihood is proposed for simultaneous estimation of the parameters of the stochastic frontier (1) and the model (2) for the technical inefficiency effects. The likelihood function is expressed in terms of the variance parameters, 2 2 2 V U σ = σ + σ and 2 2 U V γ = σ σ . After obtaining the estimates of U it , the Technical Efficiency (TE) of the i-th transport operator at t-th observation, Referring to Coelli (1993, 1995) , is defined by equation (3): , 2015, 30(1) : 1-14
The Functional Form
After presenting the stochastic efficiency frontier of public transport operators, to this point the discussion has concentrated on the error component part of the models. However, it is important to note that the functional form of the production function is another issue that has attracted considerable interest in the literature (Karlaftis, Tsamboulas 2012) . The stochastic frontier estimation requires a specific functional form of the production function. Different functional forms of the production function frontier are available. Many authors have estimated the stochastic frontier production function using the form of Cobb-Douglas function (Cobb, Douglas 1928) :
Many studies in public transport have shown that the underlying technologies are flexible (not of a CobbDouglas form) and have proposed other more flexible functional forms, such as the widely-used translog formulation (Karlaftis, McCarthy 1999 , 2002 Karlaftis 2010) . Translog form is a relatively flexible functional form, because it does not require assumptions about production constant elasticities (this represents the output variation from the input variation level) or substitution elasticity between the inputs (this represents the degree to which an input is able to substitute another result of relative changes in inputs prices while maintaining the output constant; the values vary from 0 (which indicates that the inputs are used in fixed proportions and are not substitutable) to infinity (in this case, the inputs are perfect substitutes and their use is very sensitive to relative price variation)). Baten et al. (2009) have shown that the translog production function form is more preferable than the Cobb-Douglas form. The translog form allows the data to indicate the real curve of the function, rather than imposing a priori assumptions. According to Christensen et al. (1973) , this can be expressed as equation (5):
where: Y it is the output produced by the public transport operator i (i = 1, 2, …, N) in period t (t = 1, 2, …, T); α 0 is a constant; x it and x jt are the row inputs vector of operator i during period t; V it is the random error term and U it is the inefficiency of operator i in period t. We note that when 0 ijt α =, the translog function reduces to a Cobb-Douglas form.
Inefficiency Modelling
Improving performance and efficiency is one of the objectives of public transport operators. After technical efficiency measuring, it is necessary to determine inefficiency sources and determinants. The second objective of this study is to identify the explanatory variables of public transport operators' inefficiency. Several studies have examined the inefficiency determinants of public transport, but they tend to focus on the variables outside the firm's control. De Borger et al. (2002) have shown that market organisation, contract conception, regulatory system degree and nature, and network characteristics are the inefficiency determinants. In most cases, operators are unable to act on these determinants that are outside the control to improve their efficiency. In fact, there are other more robust determinants, such as investment, operating profit and firm size, that have a major effect on firm performance and they are usually ignored in empirical studies of public transport efficiency. In this study, we adopt variables under the firm's control to explain the transport operators' inefficiency. Mohapatra and Dutta (1990) affirm that the investment decision is critical to public transport passengers' performance. In addition, Ahern and Anandarajah (2007) study the priority of investment in the transport sector. They show that investment is a necessity for improving quality, reliability and transportation system security, and to increase passenger demand for use of public transport services. Therefore, investment is an important determinant of public transport operators' efficiency.
The investment decision depends on available funds. In this study, we consider operating profit as a determinant of inefficiency. Tariffs and benefits are fundamental to the operation of public transport operators, because they are major sources of revenue for operators (Paulley et al. 2006) . With operating profits, transport operators can improve the quality of services and indeed, improve efficiency. Operating profits are sources of internal financial investments in productive activity of the firm, consequently, operating profit can be considered as a determinant of inefficient transport operators.
Firm size plays an important role in most empirical research on strategic management (Wang et al. 2007) . Size effects are so robust that researchers are working on a wide variety of research subjects (Macher, Boerner 2006) . Lun and Quaddus (2011) study the effect of firm size on companies' efficiency and performance. They have shown that firm size has a relatively positive effect on efficiency and is a determinant of output growth. Halkos and Tzeremes (2007) argue that firm size has an indirect impact on firms' productivity because it determines the impact of internal productivity factors. They affirm that size can have a direct effect on productivity, and it is also a variable that improves firm efficiency. Consequently, we can consider firm size as one of the inefficiency determinants.
Consequently, the technical inefficiency model is defined by equation (6):
where: δ 0 is a constant; (invest) it is the investment of operator i in period t; (Oper prof) it is the operating profit of operator i in period t; (Firm size) it is the firm size of operator i in period t; W it is the error term.
Definitions of Inputs and Outputs
Cullinane et al. (2004) provide a detailed discussion of the variables definition. This discussion has been summarised by Cullinane et al. (2006) , affirming that the input and output variables should reflect the real objectives and the production process as precisely as possible. Public transport operator objectives are important determinants of the variables definition to measure efficiency.
De Borger et al. (2002) and Jarboui et al. (2012) provide an overview of public transport efficiency studies and present the various inputs and outputs used in frontier studies.
The majority of the public transport efficiency studies use labour and capital as inputs. For example, Singh and Venkatesh (2003) use labour and the number of buses held as an appropriate measure of input. Other studies include energy to provide more detail on the inputs (Agrawal et al. 2006 (Agrawal et al. , 2009 Bishnoi, Sujata 2007; Nagadevara, Ramanayya 2008 , 2010 . Jarboui et al. (2012) show that financial variables are more robust, since they reduce the problems reflected by the use of demand or supply-oriented variables. They are relatively related and explanatory of the variables used initially. We find that most variables used to measure the inputs of a company are related to operating expenses. However, the use of traditional inputs such as labour, energy and vehicles, poses a problem of substitution between inputs. For transportation, this means that to produce an output level, bus or transport adopted operation could substitute labour for the vehicles, or vehicles substitute for energy. The usual remoteness of non-substitutable inputs leads to inefficient units reported as efficient. Since the increasing number of inputs and outputs gives high efficiency scores, therefore, due to the random error component in all variables, the more numerous inputs and outputs are the higher efficiency scores will be.
Consequently, we propose a single variable as a measure of output and two variables as inputs. We use the total operating expenses, which represent the sum of expenses related to the operation as an appropriate measure of inputs, and a proxy for physical inputs. Since we use Thomson Financial Database (Thomson One Banker 2012), the operating expenses of each company includes vehicle maintenance and operation, general maintenance, administration, total fees of the company committed to the subunit, or amortization (Thomson Reuters Financial 2012) . In addition, Barnum and Gleason (2007) use the daily average of operating expenses as a measure of input. In the Italian context, Margari et al. (2007) use total operating expenses as one of the measures of inputs of 42 transportation companies. Barnum et al. (2011) adopt the total operating expenses as the only measure of inputs to measure the efficiency of 52 US transportation companies. They affirm that the total operating expenses represent the operations expense and maintenance of buses, maintenance not related to bus, and administration. In the public transport efficiency studies, it is conventional to use physical input, usually labour, energy and vehicles (De Borger et al. 2002) .
However, a problem of substitutability between inputs arises (Barnum et al. 2011) . Consequently, we use operating expenses as the main input. To properly present the inputs, we adopt the number of employees as a second input.
Most public transport efficiency studies use number of employees as an appropriate measure of inputs. Thus, Singh (2000a Singh ( , 2000b Singh ( , 2000c Singh ( , 2000d and Jha and Singh (2000) use the number of employees as the only measure of input. In addition, Agarwal et al. (2010) , Kumar (2011), Saxena P. and Saxena, R. R. (2010) , and Barros and Peypoch (2010) adopt the number of employees as one of the inputs measures. Consequently, the number of employees is the most used variable for inputs measuring in the public road transport efficiency studies. In view of this literature, we consider the total operating expenses and the number of employees as two reliable input measures of a public road transport operator, and which can be used in efficiency studies.
Indeed, the output definition poses important problem. To measure the output, efficiency studies focus on two indicator types, pure supply indicators (for example, vehicle-kilometres or square-kilometre) and demand indicators (for example, passenger-kilometres and number of passengers). Many studies affirm that outputs related to demand are very relevant to assessing firm efficiency (Chu et al. 1992; Costa 1998) . Sheth et al. (2007) , Sampaio et al. (2008) , Yu and Fan (2009) , Agarwal et al. (2010) and Saxena P. and Saxena, R. R. (2010) use the number of passenger-km as an output measure to evaluate the transport operators' efficiency. In addition, many studies use other indicators related to demand (i.e. the revenue or sales of the firm), as an appropriate output measure (Chang, Kao 1992; Chu et al. 1992; Cowie, Asenova 1999; Nolan et al. 2001; Boame 2004; Barros, Peypoch 2010; Kumar 2011; Jarboui et al. 2012) . Consequently, in this study, we use the revenue to measure the output of public road transport operators. Since we use Thomson Financial Database, revenue is equal to sales, which is directly related to operating activities. This variable is an accurate measure of transported passengers.
Data
Econometric estimation models of frontier efficiency designed for cross-sectional data have many gaps in the estimation of technical efficiency (Schmidt, Sickles 1984) . Model estimation and the separation of the two errors term components necessitate specific assumptions on the technical efficiency distribution and statistical random noise. In addition, error terms estimates for a particular observation contain both the conventional random error and technical inefficiency (Jondrow et al. 1982) . Therefore, to get consistent estimators, it is necessary to impose the condition that the inefficiency term is independent of inputs.
Using panel data offers a better alternative for frontiers estimation than the use of the cross-sectional data. Panel data have two important advantages in the estima-tion of efficiency frontiers. First, the technical efficiency estimation of a specific firm can be achieved without resorting to errors distribution assumption. Second, it is not necessary to assume that technical efficiency is independent of inputs, but can be tested by avoiding the drawbacks of fixed effects (Schmidt, Sickles 1984; Hallam, Machado 1996) . The existence of several observations over time for the same firm offers more reliable information about their efficiency. With panel data, the technical efficiency of transport operators can be estimated in a consistent way since the number of period T tends to infinity.
In this study, the data consist of 648 annual observations. We use unbalanced panel data of 54 public road transport companies in different countries, publicly traded, during 2000-2011. We use Thomson Reuters Financial (2012) database to calculate the inputs, outputs and inefficiency explanatory variables. Thomson One Banker (2012) provides financial information companies of different countries from different databases (for example, the Worldscope Database and Datastream). Other data are directly available in the Worldscope Database (for example, total operating expenses, revenue, operating profit and investment). The number of employees is calculated from this data base by dividing the annual sales by the sales per employee. To measure firm size, we calculate the log of total assets of each company.
Results
The estimated parameters of production function frontier and inefficiency determinants are presented in Table 1 . The coefficients and the efficiency scores of each transport operator are estimated using the program Frontier 4.1 (Battese, Coelli 1995) . This program provides the parameter estimates of equations (5) and (6), and measures the efficiency scores of each transport operator.
Descriptive Statistics
The descriptive statistics of the variables used in this study are reported in Table 1 . 'Panel A' represents the variables of the production function frontier. So, the average revenue of 54 firms between 2000 and 2011 is 18.654 million USD with a standard deviation 1.914 million USD. The average operating expenses and number of employees is respectively 18.641 million USD and 7.871 employees and a standard deviation of 1.907 million USD and 1.502 employees. 'Panel B' present the inefficiency determinants used in this study. We find that investment value varies between zero (the company has not invested) and 20.515 million USD (investment value in period T). About operating profit, we observe the existence of companies that have suffered losses. Based to our databases, specially the data of operating profit, BGS Germany has not made any gains during the twelveyear period, while other like CCOL Singapore has made gains. Indeed, the average firm size is 19.12 (log of total assets of company), and varies between 14.120 (e.g. DGIDPPSJSC Vietnam) and 22.986 (e.g. GOG United Kingdom). 
Technical Inefficiency Effects, Model Estimation and Hypotheses Testing
As a common practice in the SFA model, a number of hypotheses were investigated in order to assess the relative influence of these explanatory factors and other random effects. The results of the null hypothesis tests associated with technical inefficiency effects are reported in Table 2 . In order to select the best specification for the production function (Cobb-Douglas or translog) for the given data set, we conducted hypothesis tests for the parameters of the stochastic production frontier model using the generalized Likelihood-Ratio (LR) statistic. The hypothesis test results confirm that the translog production model is more appropriate for these data in comparison to the Cobb-Douglas production model. They also indicate that technical inefficiency effects are stochastic and are associated with the explanatory variables, namely investment, operating profit, and firm size. The result indicates that the technical inefficiency effects follow a generalised truncated normal distribution. That is, the procedure of Battese and Coelli (1995) does appear to be a significant improvement over the standard stochastic frontier model (which does not account for explanatory variables in the technical inefficiency effects). Therefore, the specified translog SFA production frontier is used in our next discussion.
Stochastic Frontier Analysis Results
This study specifies seven translog stochastic frontier production models' for the public road transport operators (Table 3 ). The computer program Frontier 4.1 (Coelli 1996) was used to estimate the parameters involved in the frontier model (Coelli, Battese 1996) . The results of the Maximum-Likelihood (MLE) estimates for the parameters in the study are reported in Table 3 . The signs of the coefficients of the SFA models are consistent with expectations: the coefficients of the generation inputs are estimated to be positive. The result implies that there is a positive relationship between the inputs used and public transport operators' production. From the estimated coefficients of the total operating expenses and number of employee variables in the seventh model (which integrate all the variables, 0.763 and 0.035, respectively), only the total operating expenses is significant at the 1% level.
On the other hand, the estimated coefficients of number of employees are relatively small and insignificant at the 5% level. This result indicates that total operating expenses is a key factor of public transport production and therefore, any increase in these inputs will yield positive returns. The estimated coefficients of total operating expenses are significant at the 1% level in the seven models. This result confirms the assumptions of Barnum et al. (2011) , who adopt the total operating expenses as the only inputs measurement to measure the efficiency of 52 US transportation companies.
The signs of the inefficiency determinants estimated coefficients (δ 1 , δ 2 , and δ 3 ) are negative and signifi- Notes: *, **, *** significant at the 10%, 5% and 1% levels respectively.
cant in seven models. This implies a positive relationship between these variables (investment, operating profit and firm size) and technical efficiency in seven models estimated. This means that these variables negatively affect the transport operators' technical inefficiency. These variables assist the transport operators to be more efficient. Gamma (γ) is the ratio of the variance parameters of the random errors and technical efficiency effects, 2 V σ and 2 U σ , which ranges between 0 and 1 -it is noteworthy that the gamma cannot be considered to be a proportion of the variance of the technical inefficiency effects in relation to the total of the variances of the technical inefficiency effects and the random variation (Coelli, Battese 1996) . In this empirical study, the estimated value of gamma is greater than zero and statistically significant at the 1% level in all the models. The result implies the presence of random component of the technical inefficiency effects and provides a better estimation of the technical efficiency of public transport operators. Consequently, the technical inefficiency effects are relatively significant for the random error term. Based on Table 2 , this result rejects the null hypothesis, which there is no inefficiency effect (H 0 : γ = 0). Therefore, the term μ it cannot be excluded from the regression and parameter estimation by the method of least squares (OLS) is inappropriate. This result justifies the error term decomposition and the presence of random terms inefficiency.
In addition, inefficiency of the production function is calculated by the error term. Using the composed error terms of the stochastic frontier model, it is defined by 2 2 2 U V U γ = σ σ + σ , which is a measure of level of the inefficiency in the variance parameter which ranges between 0 and 1. It is observed that the MLE estimate of γ is 0.9 (between 0.928 and 0.992) in the seven models. The value of γ is significantly different from one indicating that random shocks play a significant role in explaining the variation in public road transport operators' production, which is expected in public transport production where uncertainty is assumed to be the main source of variation. This implies that the stochastic production frontier is significantly different from the deterministic frontier, which does not include a random error. In the MLE estimation, is positive and significant at 1% level, implying that public transport industry specific technical efficiency is important in explaining the total variability of yield produced. However, it should be noted that 99% of the variation in production is due to technical inefficiency and only 1% is due to the stochastic random error.
Technical Efficiency Analysis of Selected Public Transport Operators
The results for the technical efficiencies of public road transport operators are constructed from the SFA model as discussed in the previous section. The descriptive statistics of technical efficiency scores of the companies studied are reported in Table 4 . The average technical efficiency score of transport operators during the twelveyear period is 0.89 while the minimum and maximum technical efficiency scores are respectively 0.10 (SAFE Indonesia) and 0.98 (SYTPHCo. China). Based on these results, the standard deviation of efficiency scores is generally small, reflecting that the level of technical efficiency of transport operators is generally constant during twelve-year period. However, the technical efficiency score of some firms has experienced an increasing trend (Table 4) , for example the ROL of the United Kingdom (from 0.62 to 0.95), or a decreasing trend, for example, ZBRA of Indonesia (from 0.85 to 0.54).
Technical Inefficiency Effects Model
One of the objectives of this study is to identify the determinants of the technical efficiency of public transport operators. Results for each explanatory variable of the technical inefficiency effects model are presented in Table 3 . All the signs of the coefficients are negative and consistent with our expectations. Under the four estimated models presented in Table 3 , investment significantly explains the technical inefficiency of public transport operators. The first null hypothesis was rejected at the 5% level of significance, implying that technical efficiency is related to the investment level. The negative estimate of the investment coefficient indicates that the technical inefficiency of transport operators is explained by the low investment levels. Consequently, investment in terms of new technologies and new materials affects the technical efficiency of transport operators. Therefore, the greater the capital invested in the operating cycle is, the more the company is technically efficient. The result seems to be consistent with other research. For example, Ahern and Anandarajah (2007) study the priority of investment in the transport sector. They show that investment is a necessity to improve quality, reliability and transportation system security and to increase passenger demand for public transport services.
The second null hypothesis considered in Table 3 specifies that technical efficiency is not related to operating profit. This null hypothesis was rejected at the 5% level of significance. This result consolidates the affirmation of Paulley et al. (2006) , which showed that the benefits are fundamental to the public transport operators operation. Technical efficiency can be affected by the availability of financial resources. Once a company no longer has access to external financial resources, there is an interest in improving their technical efficiency over time in order to ensure positive profits and productivity gains (Sena 2006) . Based on this variable, transport operators in our sample can be classified into three groups: positive profit, negative profit and positive/ negative profit.
First, the group which has positive operating profit in the entire study period is characterized by a high level of technical efficiency (for example, PTHL Hong Kong, GOG United Kingdom, JCCo. China and SIX2 from Germany). They have made an average efficiency score equal 0.955, 0.960, 0.966, and 0.965 respectively ( Table 4 ). The second group is constituted of firms that have negative operating profits, represents companies Table 3 , the negative coefficient estimation of operating profit indicates that technical inefficiency can be explained by the variation of this variable. Consequently, we can conclude that companies that achieve a positive operating profit are more efficient than those that have negative operating profit. The third null hypothesis contends that technical efficiency does not vary with firm size. This hypothesis was not rejected at the 1% level of significance in the three models. The estimated coefficient of firm size is negative. This result indicates that larger public transport operators are more technically efficient than the smaller public transport operators and this result implies that large firms are able to invest more than small firms by integrating new technologies and assets increase. This finding agrees with those of other studies, like Lun and Quaddus (2011) who study the effect of firm size on company efficiency and performance. They show that firm size has a relatively positive effect on efficiency and is a determinant of output growth. In addition, Hawawini et al. (2003) found that firm size can be a source of competitive advantage and that large firms are assumed to be relatively more efficient than smaller ones.
In this study, we find that the technical inefficiency of transport operators can be explained by the investment level, operating profit, and firm size. These variables are indicators of managerial efficiency. Consequently, the technical efficiency of transport operators is directly related to managerial efficiency. On the other hand, managerial efficiency affects positively firms' technical efficiency. Public transport operators can improve technical efficiency by improving managerial efficiency. This finding agrees with those of other studies. Cowie (2002) found that technical and managerial efficiency follows a similar trend. Consequently, the discussion of technical and managerial efficiency may be a new area of research in the efficiency of transport operators.
Public Transport Operators' Efficiency in Developed and Developing Countries
According to the countries classification by World Bank (http://www.worldbank.org), we classify the studied countries in this research in two groups: Developed and developing countries. The average technical efficiency of the public transport sector in developed and developing countries is presented in In the next three years, the average efficiency dropped and achieved 0.85, which could be relatively related to the technology level and capital invested by these operators (Table 3) . After 2007, the average efficiency of developing countries had a low increasing trend of 0.05. However, it should be noted that we can find a different efficiency levels of public transport between the different operators' within the same group of developed or developing countries (Table 5) .
Generally, public transport operators in developed countries are more efficient than operators in developing countries (Table 5 ). In contrast to developed countries, developing countries face great challenges in their efforts towards economic development, such as socio-economic changes, education, health, and environment. And so, public transport has been largely ignored. As a result of population growth and increased motorisation, the pressure on public transport systems has increased and, public transport is ignored in favour of cars (personal transportation) (Banister 2006) . In addition, wherever governments invest in the transportation sector, it is often aimed at automobile infrastructure (roads and parking spaces), which is less interesting to the major- ity of the population (Saxena, P., Saxena, R. R. 2010). Generally, the low investment level is the first factor explaining the low efficiency level of public transport in developing countries. Generally, investment financing in public transport cannot be fully covered by transport operators' revenues. Outside financial support is often necessary to bridge the gap between tariffs profit and investment costs (Sheth et al. 2007 ).
Conclusions
1. Efficiency evaluation is a well-known issue in economic literature. Generally, most efficiency studies are aimed at measuring the efficiency and development of methods to assess transport operators' efficiency. However, inefficiency determinants research has been ignored or explained by only exogenous factors. Thus, the determinants of transport operators' inefficiency remain obscure. Efficiency improvement and progress assessment towards achieving the goals are important tools in the implementation of an effective business strategy, service delivery, and service quality. 2. In this paper, the aim was to contribute to the efficiency analysis of public transport operators. We use a data set of the World-scope and Thomson database composed of 54 public transport operators in different countries over a twelve-year period (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) for two purposes: to measure the efficiency of public transport operators and, to study the determinants of the inefficiency of transport operators. Using the Stochastic Frontier Analysis (SFA) method, efficiency is estimated under the specification of a translog production frontier. 3. The major contribution in this paper is to identify the inefficiency determinants. As opposed to other studies on the public transport operators' efficiency, this study attempts to explain inefficiency by variables under operators' control. This study highlights the key role of investment, operating profit and firm size. Moreover, investment in terms of new technologies, new materials and the necessary formation in new materials technology has an influence on the technical efficiency of transport operators. This finding is in agreement with the study of Ahern and Anandarajah (2007) , who study the priority of investment in the transport sector. They show that investment is necessary to improve the quality, reliability, and transportation system security and to increase passenger demand for public transport services. 4. Total operating expenses are fundamental factors in public transport operators' production performance. Therefore, any variation of this variable will affect the operators' performance. The average technical efficiency level of public transport operators studied equals 0.89. The most efficient operators can be considered as operators of best practices to be followed by less efficient operators to improve their efficiency levels within the group. Generally, the efficiency scores of transport operators has progressively increased over the past twelve years. In this study, the transport operators' efficiency level of developed countries is higher than the developing countries operators. Developing countries are confronted with major challenges in their efforts towards economic development, such as social-economic changes, education, health, and environment. However, in many cases, public transport remains largely neglected. 5. Operating profit is strategic to public transport operators operation, because it is a major source of revenue for operators. Technical efficiency can be affected by the availability of financial resources; once companies can no longer access external financial resources; then it becomes interested in improving their technical efficiency over time by ensuring operating profit. 6. Large-size public transport operators are technically more efficient than smaller-size operators. This result implies that large-size firms have an opportunity to invest more than small-size firms by integrating new technologies and increasing assets, and thus, the firm size increases, which affects their technical efficiency. Therefore, firm size has a relatively positive effect on efficiency, and it is a determinant of output growth. Since, firm size can be a source of competitive advantage; large-size firms are relatively more efficient than smaller ones. 7. This study has certain limits that should be surmounted in future research in this area. The major drawback concerns the geographical characteristic of the region in which the public transport operators work. This information would probably help to explain the differences in efficiency between operators examined. Expand the data set of input variables to take account environmental or instrumental variables (contextual), such as geographic proximity to mainline operations. Use the efficiency of operators' estimates, in parallel with other variables, to explain the choice of operators' in a modelling methodology of discrete choice. The aim is to explain and predict the operators' competitiveness and market share. Government subsidy is a source of revenue for some public transport operators' . However, in this study, government subsidy is not considered as part of operator's revenue. 8. Despite these limitations, the results of this study are interesting for policy-makers and transport company managers. They can allow better understanding inefficiencies and giving more consideration to efficiency determinants.
